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Abstract - In Thailand, one of the most financially reliable plants is the grape. Grape is used for as a major ingredient in a variety of 
food products for example in alcoholic drinks, in vinegar, fruit drinks, raisins etc. With such great uses of grapes come 
repercussions to farmers who harvest this plant like different types of plagues that damage leaves of different plants like Leaf Spot, 
Downy Mildew and Rust, which is a cause of immensity damage for farmers. In recent times, there has been a renewed desire to 
detect the leaf surfaces of damaged leaves of grapes that would have otherwise been ignored. This has been done through extensive 
image processing in the victimized regions in Thailand. Histogram Equalization, Global Contrast Enhancement, and Gaussian 
Filter are some pre-processing steps done to maximize output. These techniques give solid results that do not alter the light 
intensities available, are highly efficient in producing accurate identity-related results and the colour spectrum is not restricted. 
The second step is to utilize Mean-shift Algorithm to study in depth extraction. The last step involves the maximum threshold 
achieved by the techniques determines the injured regions on the surface of the plant and the injury free regions. This technique 
has a ninety-eight per cent chance of identifying regions of injury on grape plant surfaces. Furthermore, this techniques is useful in 
the identification of injuries in other financially useful plants like sugarcane, corn and rice.  
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I. INTRODUCTION 
 

Grapes are grown worldwide due to their importance 
financially. They are used in a variety of products as a major 
ingredient like fruit juices, alcoholic drinks, sweet food like 
jams and oils [1-3]. They also have a major application in 
cosmetics as a key ingredient in makeup. In Thailand, 
grapes are grown in many regions in huge quantities. But, 
there is the main issue when cultivating grapes by farmers. 
Insects, plague and disease majorly affect the crop. The need 
to protect the crop is imperative. The grape is economical to 
the agro-based economy’s survival that is why sustainable 
methods must be employed for its safekeeping from diseases 
like Gray Mold, Powdery Mildew and Downy Mildew. 

Recent practices in agriculture have introduced new 
techniques and technological advancement to save time, 
money and improve accessibility. This has also the 
advantage of producing the bulk product with ease while 
giving a chance to control and eliminate pest and diseases.  
Sensing equipment has been utilized by many farmers to 
monitor and assess contoured grounds to manage heigh of 
ground for farming purposes. Also, monitoring of water 
levels in the grain of crops, technology for managing crop 
yields that utilized GPS data have been suggested by many 
scientists. The Romans played a major part in this scientific 
invention in the year 2000 [4-5]. In 2008, a new technique 
of image processing for observing damaged leaf areas was 
discovered to manage diseases. Fungal diseases tend to carry 
out violent attacks on plant surfaces whose symptoms can be 
detected by image analysis. This image analysis was initially 

utilized to determine changes in leaf colour; however, it was 
later modified to be used for determination of fungal 
infection symptoms [6]. Visual symptoms detection through 
colour based image processing was proposed later [7]. The 
system initiates the process by changing RGB images to 
HIa,b. This image is then segmented using a histogram 
distribution to analyze the intensity of the damage. 
However, the research has some disadvantages. This 
technique can only be used if the intensity of damage is 
large. It cannot determine minute intensities.  Later on, in 
six years time, Omrani and his colleagues invented a new 
system for the detection of disease in fruit plant. The SVM 
also is known as the support vector machine could detect 
leaf disease in apple plant [8]. Similarly, automated 
detection techniques were researched for the detection of 
various diseases. This technique can be utilized for 
determining powdery mildew disease in grapes [9]. This 
method can also be used to quantify leaf diseases which 
have not been previously done [11]. Later on, in 2016, the 
leaf diseases of twelve different fauna species were 
identified with different signs and symptoms. This was 
based on different environmental and non environmental 
factors or stressors [12]. Colour changes, histograms and 
pairwise-based classification systems were used in the 
literature. leaf burning and illness side effects in 
trees/bushes are determined using RGB image computation 
techniques which automatically detects the problem using 
statistical data and codes [13]. The shortcoming of this 
paper is the low picture quality. Cucumber disease 
recognition method with three pipelined processes are 
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segmenting diseased leaf images by K-means clustering, 
extracting shape and colour features from lesion 
information, and classifying diseased leaf images using 
sparse representation [14]. The major advantage of the study 
is the ease of calculation of cost and efficient recognition by 
the technique. Another study carried out by Bai and his 
colleagues were for characterizing cucumber leaf spot under 
complex foundations utilizing a fluffy bunching division 
technique dependent on neighbourhood grayscale data [15]. 
In addition to this, that year, the identification and 
acknowledgement consequently dependent on illness side 
effects of cucumber leaf is process by usage of Fusion of 
super-pixel, maximization and logarithmic recurrence 
pyramid of histograms of gradients [16]. For detection of 
various types of plant diseases, image division and soft 
computing techniques are utilized. [17]. The major 
advantage of this technique is the early stage detection of 
disease to prevent it quickly and the decrease in 
observational time and techniques employed by farmer. 
Recently Johannes presented a versatile detection device 
programmed wheat leaf illness diagnosis utilizing a multi-
disease identification code [18-20]. The benefits of this 
work were sent on a genuine smartphone application and 
approved under genuine field parameters. Even though there 
are many plant leaf disease detection techniques available, 

the one for the grape plant is rare. Along these lines, this 
paper proposed a grape leaf surface injury recognition 
technique methods for analysis reasons, utilizing a hybrid 
mean shift and optimal threshold. The framework consists of 
these major parts: leaf image capture, preparation methods 
before extraction, feature extraction and execution 
assessment process. The benefits f this method include the 
very few changes in the light intensity, an accurate and 
efficient identification system and flexible colour spectrum 
distribution.  

The remainder of this paper has been consists of a 
section related to the methods related to the identification of 
areas of grape plant disease. A section related to the 
experimental results of the techniques utilized and a later 
section composed of the result discussion and analysis. A 
conclusion has also been stated with the possibility of future 
work in the area.  
 

II. MATERIALS AND METHOD 
 

The proposed injury grape leaf surface detection system 
is divided into four main processes: leaf image acquisition, 
pre-processing, feature extraction and performance 
evaluation process as shown in Fig.1  

 

 
Figure1. The proposed plant leaf disease identified system 
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A. Grape Leaf Image Acquisition  
 

Grape leaf images 3024x4032 pixels which 24 bits 
resolution are acquired from iPhone 7 smartphone. The 
RGB injury grape leaf and non-injury grape leaf are 
transformed to YIQ, HSV and Lab colour model which be 
appropriate for injury grape leaf surface as shown in Fig.2 

 

  
(a)                                  (b) 

Figure2. An example of the grape leaf at (a) Injury grape leaf surface, and 
(b) Non-injury grape leaf surface. 

 

B. Pre-Processing 
 

Frequently, the original images from a smartphone are 
different in contrast, intensity and luminance. Hence, the 
quality improvement is essential and necessary in order to 
prepare the suitable image properties for injury grape leaf 
surface detection process. This process can be separated into 
3 steps as the following: 

 
B1. Intensity Manipulation 
 

The histogram is a collection of intensity level or colour 
within the image. The intensity manipulation is effect to the 
quality or distortion image detail. Thus, it needed to use a 
histogram equalization technique in order to distribute the 
image intensity by probability density function (PDF). 
Subsequently, the PDF value after transformation (S) is an 
approach to uniform as shown in equations (1) – (2). 

 
g(x, y) T(f (x, y))                                  (1) 

 
r

r
0

s T(r) p (w)dw                                 (2) 

 
where, f(x,y) is the intensity value before transformation, 
g(x,y) is the intensity value after transformation, pr(r) is the 
probability density value of variable (r), T(r) is the 
Cumulative Distribution Function: CDF. 
The histogram equalization technique is an adjustment the 
intensity or colour of the image is equally. Later, the image 
detail in the region of high histogram values is explicit. 
 
 

B2. Global Contrast Enhancement 
 
After the histogram equalization process, the contrast of 
contour image maybe reduce. Thus, the image contrast 
adjustment is needed. In this paper use the Global Contrast 
Enhancement [19] in order to increase the contrast of an 
object or interesting region. It became high contrast which 
differs from the other region as shown in equation (3). 
 

k k

k k r j j
j 0 j 0

(L 1)
S T(r ) (L 1) P (r ) n

MN 


                 (3) 

 
where, k = 0, 1, 2, …, L-1, rk is the number of image pixel 
before value transformation, Sk is the image of pixel after 
value transformation: , pr(rj) is the probability density value 
of variable (rj), MN is the total number of pixel of intensity 
(rj). 
 
B3. Global Contrast Enhancement 
 

Noise may be a cause of some detail loss in image. Noise 
Removal is a noise reduction process which enriches the 
quality of image detail. This process uses the Gaussian Filter 
for removed noise. The advantage of the filter is resistance 
to the harmonic frequency in a different spatial domain such 
as the borderline between the region of injury grape leaf 
surface and non-injury grape leaf surface as shown in 
equations (4) - (5). 
 

n 1 m 1

s 0 t 0

g(x, y) w(s, t)f (x s, y t)
 

 
                (4) 

 
where, g(x,y) is the result of the convolution of Gaussian 
Filter, n,m is the size of the image, w(s,t) is the template size 
of nxm, f(x,y) is the intensity of image pixel. 
 

1 2 1
1

w 2 4 2
6

1 2 1

 
   
  

                                      (5) 

where W is the template of the Gaussian Filter size of 3x3. 
 
C. Grape Leaf Features Extraction 
 

The process is a leaf surface injury identification process 
which comprises of 2 steps: coarse and fine segmentation 
using Mean Shift Algorithm [20]. The centre of mass was 
moved to local maxima of the probability density. Mean 
value is used to determine the similarity nearest peak. The 
input is whereas   and , the estimation of the density 
distribution of position X is calculated by equations (6) – 
(7). 
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                   (7) 

 
This process proceeds until reach non-movement of the 

region to the new centre of mass in equation 7. The aim of 
the Mean Shift Algorithm has determined the local maxima 
of the probability density which conclude by an example 
like the following: 

1) Initiate by random the region of interest. 
2) Determine the centre of mass (data). 
3) Move the region to the location of the new centre  
of mass.  
4) Repeat step 3 and 4 until convergence. 
5) Repeat step 3 to 5 until complete all information 

 
C1. Coarse Segmentation 
 

The coarse Segmentation process is used to identify 
between grape leaf region and background roughly via 
Mean Shift Algorithm. Next, the outputs image form this 
process is considered to determine the location of the injury 
grape leaf surface by optimal parameters of Fine 
Segmentation process. 
 
C2. Fine Segmentation 
 

Mean Shift Algorithm in Fine Segmentation process was 
used to analyze the kernel windows parameter size of the 

region of interest and centre of mass. The outputs image 
from the previous process is determined the optimal 
parameters for classifying the location of injury grape leaf 
surface completely. And then the threshold value for 
identifying the region of disease is correct. 
 
D. Performance Evaluation 
 

The performance evaluation can be divided into 2 parts 
are training and testing. In training part, the outputs of the 
previous topic are compared results of injury grape leaf 
surface detection and colour test model as shown in Fig. 3. 
Grape leaf images are transformed in YIQ, HSI and Lab 
model in order to find the suitable colour model for injury 
grape leaf surface detection. After that grape leaf image of 
each colour, the model was feed to the pre-processing 
process. Next step is feature extraction for injury grape leaf 
surface detection. In the last step is the comparison between 
the colour model of grape leaf image by three parameters 
are accuracy, specificity, sensitivity as shown in equation 
(8) – (10). From the results indicate that the suitable colour 
model is Lab colour space. 
 

 
FN TP

Acc
FN FP TN TP




  
                              (8) 

  
FN

Se
FN FP




                                               (9) 

 
FN

Sp
FN TN




                                            (10) 

 
where FN is the false negative, FP is the false positive, TN 
is the correctly rejected, TP is the true positive. 

 

 
Figure3. The training part of performance evaluation. 

 

After finishing the training part, performance evaluations 
are asserted by test set image as shown in Fig. 4. RGB grape 
leaf images are transformed into Lab colour model and feed 
the results to the pre-processing process. Then, feature 
extraction will be done to detect injury grape leaf region. 

The final step is comparison with the knowledge of expert 
diagnosis to evaluating the efficiency Accuracy (Acc), 
Sensitivity (Se) and Specificity (Sp) of the proposed 
research. 
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Figure4. Testing part of performance evaluation with cooperate with the expert diagnosis. 

 
 

III. RESULTS AND DISCUSSION 
 
Our methodology proposes injury grape leaf surface 

region detection using hybrid mean shift and threshold 
optimization. The processes are tested in the MATLAB 
2016 programming environment and run it on a laptop 
within Intel Core 2.18 GHz and 4 GB memory. The injury 
grape leaf region detection is initiated by the image in which 
acquire from the iPhon7 camera with an image size of 

3024x4032 pixels and 24 bits resolution. Our database 
composes of 500 grape leaf images with 200 images of non-
injury grape leaf surface, 200 injury grape leaf surface and 
100 of tested images (mixed of injury and non-injury), 
respectively. 

 
A. Training Results Injury Region of Grape Leaf Surface 
Detection Process 

 
This section is the finding of optimal mean shift and 

optimal threshold values for detect injury grape leaf region. 
Our experimental results found that the optimal kernel 
windows parameter size of the region of interest equal 15, 
the centroid of mass is 9 and the optimal threshold value are 
in the range of 190-255. This process must consider the 
colour correlation models and optimal mean shift and 
optimal threshold values as shown in Fig.5. 

 

    
              (a)                       (b)                              (c)                      (d) 

 
Figure5. The training results of grape leaf color models at: (a) RGB, (b) 

YIQ, (c) HSI, and (d) Lab. 
 

In Fig.5 show the results of injury grape leaf region 
detection process which demonstrate the accuracy (ACC) of 
RGB, YIQ, HSI, and Lab colour model is 76.92%, 52.24%, 

20.00%, and 99.00%, respectively. The experimental show 
the superior result of Lab colour model with the correlation 
of the optimal kernel windows parameter size of the region 
of interest equal 15, the centroid of mass is 9. The 
comparisons results of colour models are shown in Fig.6. 

 

 
Figure 6. The 10 images accuracy result comparisons of different colour 

models. 
 

Fig. 6 show the accuracy result comparisons of a 
different colour model and indicate that the Lab colour 
model is the best training result than the other colour 
models. The average accuracy of Lab, YIQ, RGB, and HSV 
are 94.47%, 70.96 %, 83.76%, and 53.98%, respectively. 
Therefore, a suitable colour model is the Lab colour model 
in order to identify the injury grape leaf detection process. 
 
B. Testing Results of Injury Region of Grape Leaf Surface 
 

This section is a testing process in which 100 images 
compost of non-injury and injury grape leaf surface. In 
injury grape leaf surface in the region of rim of the leaf, the 
centre of leaf, rim and centre of leaf and distribution the 
position of disease. The 5 category example of the testing 
image is shown in Table I. 
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TABLE I. THE CATEGORY OF THE GRAPE LEAF IMAGE 
Category of the  grape leaf image Number of Images 

Non-injury grape leaf image 

 
 

20 

Injury in the rim of the  
grape leaf image 

 
 

20 

Injury in the centre of  
the grape leaf image 

 
 

20 

Injury in the rim and the centre of 
the grape leaf image 

 
 

20 

Distribution disease (injury region) 
position of the grape leaf image 

 
 

20 

Total 100 

 
The 100 images are tested by the Lab colour model for 

the efficiency of injury grape leaf surface detection and 
compare with the expert diagnosis. The testing experimental 
results are verified in Table 2. 
 
 

TABLE II. THE EFFICIENCY COMPARISONS OF INJURY GRAPE 
LEAF SURFACE DETECTION USING HYBRID OPTIMAL MEAN 

SHIFT AND OPTIMAL THRESHOLD VALUES. 
Example 
Category 

Results 
SP 
(%) 

SE 
(%) 

ACC 
(%) 

 

 
 

 

 
 

 
99.23 

 
99.56 

 
99.40 

 

 

 

 
 

 
99.30 

 
98.77 

 
99.04 

 

 
 

 

 

99.89 98.92 99.41 

 

 

 

 
 

98.82 97.66 98.24 

 

 

 

 
 

93.90 95.76 94.83 

 

The experimental results using the injury grape leaf 
surface detection using a hybrid optimal mean shift and 
optimal threshold approach show the high accuracy results. 
In addition, this methodology can identify the injury ratio in 
a grape leaf. The average accuracy of the method for 100 
data test image is 98.18%. 
 
C. Discussions 
 

The techniques used for pre-processing and the detection 
codes can be improved to get better results even when the 
image quality is low especially the brightness of the images 
as appeared in Table 2. The exploratory consequences of the 
damage grape leaf surface identification which utilizes 
hybrid mean shift and threshold optimization have higher 
efficiency and yield in term of results than the classical 
techniques utilized to detect the damaged area in corn, 
banana, and cotton leaf. When comparison is drawn between 
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the proposed strategy and the other calculation methods, an 
outline can be formed as; the exactness of the proposed 
technique is higher than Classical Threshold [7], Traditional 
Statistic technique [13], Hybrid Statistical and Artificial 
Intelligence method[11], Classical Genetic Algorithm [17], 
and Fuzzy C-mean Clustering [15] about 18.18%, 13.18%, 
2.48%, 2.47% and 0.18%, respectively. The accuracy 
comparisons results are shown in Table 3. 
 

TABLE III. THE ACCURACY COMPARISONS BETWEEN THE 
PROPOSED METHOD AND THE OTHER CLASSICAL METHOD 

Authors 
Plant 

Category 
Algorithm

Accuracy 
(%) 

Accuracy 
Comparisons 

(%) 

Camargo 
and Smith 

[7] 

corn, banana, 
alfalfa and 
cotton leaf 

Threshold 80 18.18 

Fei et 
al.[13] 

scorched leaf 

Regression 
Coefficient, 
Correlation 
Coefficient, 

Standard 
Function, 

Mean 
Values 

85 13.18 

Ole et al. 
[11] 

cloverleaf 

Pattern 
Multivariat

e Image, 
Sum of 

Statistics, 
Linear 

Discrimina
nt 

Analysis, 
K-Mean 

95 2.48 

Vijai and 
Misra [17]

rose, beans, 
lemon and 
banana leaf 

Genetic 
Algorithms

95.71 2.47 

Xuebing 
et al. [15]

cucumber leaf
Fuzzy  
C-mean 

Clustering 
98 0.18 

 
 

IV. CONCLUSION 
 

The leaf diseases especially those found in grape plants 
are a huge financial loss. Infection recognition and sign and 
symptoms indication techniques of plant leaf ailments are 
quickly becoming imperative for reducing harm to the 
economy. The damage to the leaf of the grape surface is a 
major sign and symptom of illnesses like the Downy 
Mildew, Rust and Leaf spot etc. The region most affected by 
the leaf damaging infections is dependent on the colour 
shades in the leaf pigment, the age of the leaf plant and the 
type of plant involved. This paper suggests the use of a 
hybrid mean shift and threshold optimization algorithm as a 
detection technique. The Mean Shift Optimization procedure 
utilized in this research can easily detect leaf damage. On 

the other hand, a Threshold Optimization procedure is used 
for distinguishing between damaged and non-damaged 
areas. From the test results, it is found out that the Lab 
colour model with optimal kernel windows parameter size 
of the region of interest equal 15, centroid of mass is 9 and 
the optimal threshold value are in the range of 190-255 give 
the best accuracy result about 98.18%. This type of research 
is beneficial in observing and monitoring the plant leaf 
disease. 
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